Abstract This study developed Mamdani-type fuzzy logic model to simulate daily discharge as a function of soil moisture measured at three different depths (10, 20 and 40 cm) and rainfall. The model was applied to 13 km 2 size Colorso Basin in central Italy for a period from October 2002 to April 2004. For each variable of soil moisture, rainfall, and discharge, 9 fuzzy subsets were employed while 30 fuzzy rules, relating the input variables (soil moisture and rainfall) to the output variable (discharge), were optimized. The model employed the min inferencing, max composition, and the centroid method. The model application results revealed that Mamdani-type fuzzy logic model can be employed to incorporate soil moisture along with rainfall to simulate discharge. Using soil moisture measured at 40 cm soil depth along with rainfall produced better simulation of discharge with NS=0.68 and R= 0.82. The performance of the model was also tested against a conceptual rainfallrunoff model of MISDc (Modello Idrologico Semi-Distribuito in continuo). MISDc couples an event-specific component with a module for continuous time soil water balance for taking into account the variable antecedent wetness conditions. The MISDc model requires estimation of seven parameters and the measurements of the hydrometeorological variables such as rainfall and air temperature. The comparative study revealed that fuzzy model performs better in capturing runoff peak rates and overall trend of high and small flooding events.
Introduction
The importance of soil moisture on runoff, infiltration, and evapotranspiration is well known in the literature (Goodrich et al. 2004; Merz and Plate 1997; Scipal et al. 2008; Brocca et al. 2009a) . Specific monitoring programs (Merz and Bardossy 1998; Aubert et al. 2003; Morbidelli et al. 2012 ) and modelling studies (Gautam et al. 2000; Anctil et al. 2004; Casper et al. 2007; Komma et al. 2008; Berthet et al. 2009; Brocca et al. 2012b; van Steenbergen and Willems 2013) were carried out to investigate the influence of soil moisture on runoff hydrographs.
Many studies investigated the use of soil moisture in Rainfall-Runoff (RR) models. Preliminary applications considered soil moisture data for the improvement of the calibration and verification of RR models (Wooldridge et al. 2003 , Koren et al. 2008 , Parajka et al. 2009 ). Some studies directly used the soil moisture observations for the assessment of the antecedent wetness conditions through in-situ (Meyles et al. 2003; Huang et al. 2007; Zehe et al. 2010) and remotely sensed (Jacobs et al. 2003; Brocca et al. 2009b; Beck et al. 2010) estimates. Goodrich et al. (2004) ) pointed out that, when the spatial-temporal variability of rainfall is known, basin-wide remotely sensed average initial soil moisture can be sufficient for RR modelling in semiarid regions. Brocca et al. (2009a) stated that the integration of in situ soil moisture observations into a simple event-based RR model can improve the runoff hydrographs predictions. Grayson and Western (1998) suggested that a network of a limited number of soil moisture sensors can provide reliable estimates of areal mean soil moisture time series data that can potentially be used as antecedent conditions. All these studies suggest that in situ soil moisture data from few numbers of locations can provide useful information for runoff predictions at the basin scale.
Although some studies employed artificial intelligence techniques (or data driven techniques) for modelling the RR process (Elshorbagy et al. 2010 ), only few of them attempted to use (modelled or observed) soil moisture data for runoff predictions. Gautam et al. (2000) employed the back propagation Artificial Neural Network (ANN) to predict runoff using only soil moisture data measured at 20 and 40 cm, without rainfall, in Tono catchment in Japan (0.52 km 2 ). Tono catchment has steep slopes and it is located in a humid region with very low evaporation rates where most of the time the soil is close to saturation (Gautam et al. 2000) . The results of the ANN model showed good agreement with the measurements and it was found that the 40-cm soil moisture provides the most important information for runoff estimation. Anctil et al. (2004) employed soil moisture data from a river catchment (Seine River near Paris) that drains 1949 km 2 area with a travel time of about 3 days. They used daily values of discharge, soil moisture index (obtained from a continuous RR model), rainfall and potential evaporation in the input vector of ANN model to predict runoff. The use of the soil moisture index as an additional input in ANN resulted in increased simulation skills. Anctil et al. (2008) used a similar dataset from a 104 km 2 catchment in France for forecasting daily flow rates, but employing in situ soil moisture observations at 5, 35 and 95 cm depth. In their study, the major improvements were obtained by using soil moisture data at 35 cm depth. The major disadvantage of ANN is that it is a black box model which does not reveal any insight in understanding the underlying physical process. Casper et al. (2007) were the first that developed a fuzzy logic based rainfall-runoff model using soil moisture measurements to represent system state. They employed Takagi-SugenoKang (T-S-K) approach where the antecedent part of the fuzzy IF-THEN rules are expressed verbally while the consequent part consists of mathematical expression (Takagi and Sugeno 1985) . The antecedent part of the constructed 36 rules involved only soil moisture information while the consequent part mathematically computed discharge (Casper et al. 2007 ). Since such T-S-K fuzzy model involves mathematical expressions, it requires an extra work of the estimation of the model parameters, which is often a difficult task. Moreover, significant uncertainties affect soil moisture and precipitation data, due to measurement errors and spatial representativeness (Brocca et al. 2012a) , as well as discharge data (Di Baldassarre and Montanari 2010) . Hence, it may be more appropriate to employ Mamdani-type fuzzy model where not only antecedent but also consequent parts of IF-THEN rules are all expressed verbally. This approach is also more advantageous since it avoids the parameter estimation problem.
On this basis, this study developed Mamdani-type fuzzy model which uses, as input variables, not only soil moisture but also precipitation in the antecedent parts of the rules. Indeed, soil moisture and precipitation are expected to be the two most important variables for the estimation of runoff. Brocca et al. 2011) , for assessing the benefits and limitations related to the simulation of the rainfall-runoff process with a fuzzy type modelling approach.
To our knowledge, this study is the first one employing Mamdani-type fuzzy logic model using moisture and rainfall as input variables to predict daily runoff rates. It used extended time period soil moisture measurements at three different soil depths. It carried out comparison against a conceptual rainfall-runoff model to assess the reliability of the results. Mamdani-type fuzzy model operates with fuzzy sets and IF-THEN fuzzy rules that involve neither mathematical expressions nor numerical simulations. It does not require parameter estimation, which is a major problem in hydrologic modelling.
Experimental Catchment and Dataset
The Colorso stream is a tributary of the Niccone stream, which a subcatchment of the Tiber River Basin in central Italy. The catchment has an area of 13 km 2 at Pian di Marte river section (see Fig. 1 ). The Colorso catchment is characterized by the Mediterranean climate with precipitation mostly in the autumn-spring period, when floods generally occur. Based on the period 1989-2012, the average annual precipitation was about 870 mm homogeneously distributed on the whole catchment. The maximum mean monthly precipitation occurs in November (on average 125 mm) and the minimum in July (32 mm). The peak runoff occurs in the period between December and April. In the summer period, the minimum and maximum monthly temperature values, on average, are 13.5 and 22.5°C, respectively; whereas in the winter period they are 4.0 and 10.5°C, respectively.
The catchment lithology is mainly characterized by layered sandstones interleaved with thin marls and pelitic levels (72.8 %), second by clays with chaotic structure (15.0 %) and third by alluvial deposits constituted by gravel and sand (11.7 %).
The experimental soil moisture data set selected for this study covers the period from October 2002 to April 2004. Soil moisture was monitored at depths of 10, 20, and 40 cm with six continuous Frequency Domain Reflectometry (FDR) sensors (Sentek Sensor Technologies 1997) located in an experimental plot of 1 ha (see Fig. 1 ). The average of the six sensors at different depths is used as 'observed' soil moisture data here in after. Rainfall is measured by four raingauge stations located within (or close to) the catchment while the water level, converted in flow discharge through a reliable rating curve, is continuously monitored at the outlet (see Fig. 1 ). Figure 2 shows temporal variation of measured soil moisture data, along with precipitation and discharge for the Colorso catchment. As it can be seen, soil moisture at 10 cm depth shows a rapid rise during heavy rainfall, followed by a recession which differs according to the period of the year and to the meteorological conditions. The sensors at 20 and 40 cm depth show a delayed response to rainfall and also saturated conditions during very wet periods.
Mamdani Fuzzy Logic Model
Fuzzy logic has been employed in water resources engineering area such as reservoir operation modelling (Panigrahi and Mujumdar 2000) , sediment transport prediction (Tayfur et al. 2003) , dispersion coefficient prediction (Tayfur 2006) , rainfall-runoff modelling (Tayfur and Singh 2006) , mean and bankful discharge prediction (Tayfur and Singh 2011) , flood control operations (Wang et al. 2011) , reservoir operating rule development (Kumar et al. 2013) , hydraulic conductivity estimation (Tayfur et al. 2014) , among many.
A general fuzzy system has basically four components fuzzification, fuzzy rule base, fuzzy inference engine, and defuzzification (Fig. 3 ).
Fuzzification
Fuzzification component forms fuzzy sets for input-output variables using membership functions. Fuzzy membership functions may take many forms-trapezoidal, triangular, and bell-shaped (Gaussian). The membership degree varies in between 0 and 1. The key idea in fuzzy logic is the allowance of partial belongings of any object to different subsets of universal Fig. 4a (taken from the case study analyzed here, see below) belongs to medium high (MH) and high (H) subsets with 0.2 and 0.8 membership degrees, respectively. Intuition, rank ordering, and inductive reasoning can be, among many, ways to assign membership functions to fuzzy variables. The intuitive approach is rather used commonly because it is simple and derived from the innate intelligence and understanding of human beings (Sen 1998; 2004) . 
Fuzzy Rule Base
The fuzzy rule base contains rules that include all possible fuzzy relations between inputs and outputs. These rules are expressed in the IF-THEN format. In Mamdani rule system both antecedent and consequent parts of a rule contains verbal statements (Mamdani 1977) . The following is an example for a Mamdani rule:
IF soil moisture is low and rainfall is low THEN discharge is very low
Mamdani rules can be intuitively produced or they can also be constructed from available data and expert view (Sen 2004; Casper et al. 2007; Tayfur 2012) . For example; according to Fig. 4 , 31 % vol/vol soil moisture is a member of MH and H subsets with 0.2 and 0.8°of membership, respectively; 18 mm/day rainfall is a member of low (L) and medium low (ML) subsets with 0.4 and 0.6°of memberships, respectively; and 78 m 3 s −1 discharge is a member of ML and medium (M) with 0.3 and 0.7°of memberships, respectively. Hence, an observed set of soil moisture of 31 % vol/vol, rainfall of 18 mm/day and discharge of 78 m 3 s −1 would yield the following rule, always considering the sets where the variable has the maximum degree of membership (Sen 2004; Tayfur 2012) :
IF soil moisture is high and rainfall is medium low THEN discharge is medium
If the generated rule is not already in the rule base then it is added to the base. Note that, according to the fuzzification of the input variables, the possible number of rules can be 9×9=81 in order to cover every possible system state. However, working with 81 rules may be cumbersome and furthermore not be suitable from practical point of view. Therefore; the rules whose firing strengths are less than 10 % (or 5 %) can be eliminated (Coppala et al. 2002) . The firing strength of a rule can be simply found by the product of the membership degrees (Coppala et al. 2002; Tayfur 2012) . The firing strength of the above rule is 0.8×0.6×0.7=0.34. Furthermore, the rules which are not physically sound cannot be conserved in the rule base. For example; when soil moisture content is low and rainfall is low, then runoff cannot be high.
Fuzzy Inference Engine
The fuzzy inference engine takes into account all the fuzzy rules in the fuzzy rule base and learns how to transform a set of inputs to corresponding outputs, using min activation operator. In order to illustrate, in a simple manner, the inferencing methodology, the case presented in Fig. 5 is considered. For this simple system, the following fuzzy rules are assumed: IF X is low and Y is low THEN Z is high IF X is high and Y is high THEN Z is low As seen in Fig. 5a , X=20 is a part of 'low' and 'high' subsets with membership degrees of 0.8 and 0.2, respectively. Similarly, Y=30 is part of 'low' and 'high' subsets with 0.4 and 0.6°of membership, respectively (Fig. 5b) . When this input pair is fed into fuzzy model, the inference engine would trigger the above rules. From the triggered first and second rules, the engine would find, by min operation, fuzzy output subsets of 'high' and 'low', respectively, with different membership degrees. The obtained subsets are schematically presented, as shaded areas, in . Note that inferencing produces not a crisp output value but assigns whole fuzzy output subsets from each triggered rule to the output variable, like the two shaded areas in Fig. 5c . The next sub-process in the inferencing engine is the composition where all of the fuzzy output subsets, obtained as a result of the activation operators from the triggered rules, are combined to form a single fuzzy subset for the output variable. For this purpose, this study employed max composition, where the combined output fuzzy subset is constructed by taking the point-wise maximum over all of the fuzzy output subsets. The details of the inferencing sub-processes are given elsewhere (Sen 2004; Tayfur 2012 ).
Defuzzification
Defuzzification converts the resulting fuzzy outputs from the fuzzy inference engine to a number. The Center Of Gravity (COG) method (also known as the centroid method) is employed in this study. The crisp output value is the abscissa under the centre of gravity of the combined fuzzy output subset (z* in Fig. 5c is assumed to be the centroid of the area and be the crisp value). The centroid method is the most commonly used defuzzification method and for a discrete case it can be expressed as (Jantzen 1999 ):
where z * is defuzzified output value, z i is output value in the i th subset, and m(z i ) is membership value of the output value in the i th subset. For the continuous case, the summations in Eq. (1) are replaced by the integrals. The details of fuzzy logic are available in the literature (Sen 1998; Jantzen 1999; Tayfur 2012 ).
A Conceptual Rainfall-Runoff Misdc Model
To assess the performance the fuzzy model with respect to classical continuous rainfall-runoff models, the MISDc (BModello Idrologico Semi Distribuito in continuo^), developed by Brocca et al. (2011) and already applied successfully by Camici et al. (2011) , was employed in this study. MISDc consists of two main components: 1) a soil water balance (SWB) model to simulate the soil moisture temporal pattern and 2) a semi-distributed event-based Rainfall-Runoff (RR) model (MISD) for flood simulation.
Soil Water Balance (SWB) Model
SWB component of the model assumes that the surface soil layer is spatially lumped system for which the following water content balance equation holds:
where t is time, W(t) is the amount of water in the investigated soil layer, f(t) is the infiltration rate, e(t) is the evapotranspiration rate, g(t) is the drainage rate due to the interflow and/or the deep percolation, and W max is the maximum water capacity of the soil layer. The infiltration rate is estimated by using the Green-Ampt model (Mein and Larson 1973; Tayfur et al. 1993) , the drainage and the evapontranspiration rates are estimated following Famiglietti and Wood (1994) and Doorenbos and Pruitt (1977) , respectively. The SWB model requires, as input data, the measured meteorological variables (rainfall and air temperature) and the estimation of five parameters (W max : maximum water capacity; K s : saturated hydraulic conductivity; ψ/L: wetting front of soil suction head/ thickness of soil layer; λ: pore size distribution index linked to the structure of the soil layer; and b: a parameter). The output of the model is the degree of saturation, W(t)/W max , which is used to determine the initial conditions in MISD.
Semi-Distributed Event-Based Rainfall-Runoff Model (MISD)
MISD model employs the Soil Conservation Service-Curve Number (SCS-CN) method for abstraction for estimation of losses, the geomorphological Instantaneous Unit Hydrograph (IUH) and the linear reservoir IUH for routing of rainfall excess of subcatchments and of areas draining directly into the main channel, respectively. Finally, the routing along the main channel is executed through a diffusive linear approach.
The model, on the basis of the drainage network, and geomorphological and soil/land use characteristics, divides a given catchment into N b elements, each one representing either a subcatchment with outlet along the main channel or an area draining directly into the main channel. It assumes that each element is homogeneous and hence constitutes a lumped system. The rainfall excess, ε j (t), for an element j (j=1,…,N b ) is given by the well-known SCS-CN formula (Chow et al. 1988 ):
where R j (t) is the rainfall depth from the beginning of the storm, S j is the soil potential maximum retention at the beginning of the storm and λ 1 is the parameter linked to the initial abstraction and assumed constant for all elements. The direct runoff hydrograph, Y(t), at the element outlet is given by the convolution of ε(t) and the Instantaneous Unit Hydrograph, h(t), as:
where τ is an auxiliary variable for time and A is the element area. The direct runoff hydrograph, Q(t), at the catchment outlet is estimated by a diffusive linear approach (Troutman and Karlinger 1985) :
with p(t) the diffusive routing function given by:
where L c is the distance between the element and catchment outlet, c is the celerity and D the diffusivity parameter. The model requires, as input data, the rainfall and incorporates three parameters (η, c, D) . This study used the lumped version of the model and added a simple component for the simulation of baseflow in order to simulate the discharge also during non-flood conditions, as in Brocca et al. (2013) . The full description (details) of the conceptual model is given in Brocca et al. (2011) .
Results and Discussion
The developed Mamdani-type fuzzy model is applied to simulate daily discharge in the period of 2002-2004 for the Colorso basin. Note that the soil moisture at 10, 20, and 40 cm together with rainfall (see Fig. 2 ) can form 4 input variables and consequently, by selecting 9 fuzzy subsets for each variable, the possible number of fuzzy rules to be constructed would be 9 4 = 6561. Even by eliminating low firing strength rules and some rules by intuition and expert view, the number of rules in the rule base would still be in the order of hundreds. This would make the model cumbersome and very impractical. Therefore, this study employed two variables and investigated 3 cases. Specifically, rainfall data are used for all cases to which soil moisture data at 10 cm (case 1), 20 cm (case 2) and 40 cm (case 3) is added. Figure 4 presents the constructed fuzzy sets for soil moisture, rainfall, and discharge by taking into account the available data, expert view and intuition. Soil moisture had a range of 10-40 % vol/vol and 9 fuzzy subsets are formed using the commonly employed trapezoidal and triangular membership functions (Fig. 4a) . In a similar fashion; 9 fuzzy subsets for rainfall, which had a range of 0-45 mm/day (Fig. 4b) , and 9 subsets for discharge [range 0-160 m 3 s
] (Fig. 4c) are formed. Note that in the construction of the fuzzy rules and fuzzy subsets, no calibration procedure is employed. By simply looking at the range and the distribution of soil moisture, rainfall, and runoff data, the fuzzy subsets for each variable were constructed, as shown in Fig. 4 . Also, by analysing the relationship between soil moisture, rainfall and discharge in the different seasons, 30 IF-THEN fuzzy rules were optimized that are able to capture all the observed conditions in the investigated basin.
In the case 1, the input variables are soil moisture observed at 10 cm soil depth and rainfall. Figure 6a presents fuzzy model simulation where although the model captured the highest peaks at the end of the study period, over and under estimations are present at the beginning being the model too sensitive to rainfall inputs. The computed determination coefficient, R 2 , and Nash-Sutcliffe efficiency, NS for Fig. 6a are 0.46, and 0.41, respectively. Figure 6b presents the simulation for the case 2 (rainfall plus soil moisture at 20 cm) where the fuzzy model is found to capture the overall trend but also to underestimate some of the peak values. The performance scores for this case are slightly better, R 2 =0.61 and NS=0.59. The third case, i.e., using soil moisture measured at 40 cm plus rainfall, shows the best results with R 2 =69 and NS=0.68. The fuzzy model captures the overall trend but also the peak values satisfactorily both at the beginning and at the end of the study period (see Fig. 6c ). The better results obtained for the soil moisture measurements in the deeper soil layer (40 cm) well agrees with the expected hydrological behaviour of the investigated catchment for which the rootzone soil layer is the driver of the runoff response instead of surface measurements only.
The performance of the model is also tested against the conceptual rainfall-runoff MISDc model. Specifically, MISDc is calibrated on the same study period (2002) (2003) (2004) at daily time scale by using continuous rainfall and air temperature data as inputs and by maximizing the NS as objective function. The results of MISDc are shown in Fig. 7 and are compared with both observed discharge and with those simulated by the fuzzy model (case 3). As seen in Fig. 7 , the fuzzy model performs better in capturing peak rates and overall trend for high and small flood events. The MISDc model, on the other hand, performs better than fuzzy model in simulating the recession limb of hydrographs, especially in the first period between October 2002 and March 2003. The fuzzy model shows a more flashy response and it is likely due to the form of the fuzzy rules relating the input variables (rainfall and soil moisture) to the output variable (discharge). If the fuzzy rules were refined, it is expected that the fuzzy model would be able to reproduce also the recession limb similarly to the MISDc model. However, the purpose of this study is also to show the simplicity in the building of a fuzzy model only based on an expert view of the relationship between rainfall, soil moisture and discharge, without the need of refining the rules through automatic procedures. Also, it should be noted that the simulation in Fig. 7 by the conceptual model is the calibration run, which is naturally expected to give a better performance. As opposed to the conceptual model, the fuzzy model does not require parameter estimation, which is a major problem in hydrological modelling. In MISDc (as in every conceptual rainfall-runoff model), the estimation of 7 model parameter should be carried out and it requires hydrometeorological (input) and discharge (output) measurements for an extended time period (>2 years).
Concluding Remarks
This study developed Mamdani-type fuzzy logic model to simulate daily discharge as a function of soil moisture and rainfall at 13 km 2 -sized Colorso Basin in central Italy. 9 fuzzy subsets for each variable of soil moisture, rainfall and runoff rate and 30 fuzzy rules are constructed. The fuzzy model employed the min inferencing, max composition and the centroid method.
The model application results reveal that Mamdani-type fuzzy logic model can be employed to incorporate soil moisture along with rainfall to simulate discharge. Soil moisture measured at 40 cm soil depth along with rainfall produced better results for such a size watershed which is subjected to Mediterranean climate.
Although it uses substantially less data (information) and does not require parameter estimation, the fuzzy model performance is satisfactory when compared to the conceptual MISDc model for which the whole data sets are used for the calibration.
The satisfactory model results obtained in this study also imply that soil moisture measurements in 1 ha area contains useful information that can be scaled up to 13 km 2 in accordance with the results shown in Brocca et al. (2009a) .
The fuzzy model can be easily constructed solely based upon the expert point of view. It neither necessarily requires the calibration procedure nor brings about the parameter estimation problem. It does not require very precise measurements since it operates with fuzzy sets and can benefit from expert view. Fig. 7 Comparison between observed, Qobs, and simulated, Qsim, daily discharge for the Colorso basin by using the Mamdani-type fuzzy model (case 3) and the MISDc model (NS Nash-Sutcliffe efficiency index, R It should be, however, noted here that the fuzzy model is constructed based upon the range and distribution of the input and output data of the related model variables. Hence, the model cannot be employed for the purpose of extrapolation studies. In other words; if it had to be applied to a different-sized watershed subjected to different climate conditions, the model would need to be reconstructed in the comparably practical way that is presented in this study.
